One way to restore physiological blood flow to occluded arteries involves the deformation of plaque using an intravascular balloon and preventing elastic recoil using a stent. Angioplasty and stent implantation cause unphysiological loading of the arterial tissue, which may lead to tissue in-growth and reblockage; termed "restenosis." In this paper, a computational methodology for predicting the time-course of restenosis is presented. Stress-induced damage, computed using a remaining life approach, stimulates inflammation (production of matrix degrading factors and growth stimuli). This, in turn, induces a change in smooth muscle cell phenotype from contractile (as exists in the quiescent tissue) to synthetic (as exists in the growing tissue). In this paper, smooth muscle cell activity (migration, proliferation, and differentiation) is simulated in a lattice using a stochastic approach to model individual cell activity. The inflammation equations are examined under simplified loading cases. The mechanobiological parameters of the model were estimated by calibrating the model response to the results of a balloon angioplasty study in humans. The simulation method was then used to simulate restenosis in a two dimensional model of a stented artery.
Introduction
The restriction of blood flow characterizes many cardiovascular diseases including stroke and myocardial infarction. Revascularization generally involves inserting a catheter into the vasculature and navigating the end of the catheter to the restricted region, where a balloon on the end of the catheter is inflated to force material outward. This process is called balloon angioplasty, and its most significant limitation has been the re-occlusion of the vessel either by elastic recoil of the tissue or by growth of new tissue (neointimal hyperplasia), a process termed restenosis. Stents have become a most successful device for preventing elastic recoil and are used in increasingly complex lesions. These devices are deployed in the occluded region and are designed to prop open the lumen; however, they do not prevent restenosis. There are a wide range of stent designs available, and stent designs have been shown to induce varying rates of restenosis [1] [2] [3] . Despite many generations of coronary stents, up to 10% of stenting procedures require revision due to restenosis, a rate that increases to 50% in some high-risk lesions [(4),5] . It can be argued that successful engineering of stents requires a design tool or model that can predict the tissue hyperplasia induced as a function of stent design.
The key determinant of long-term success after revascularization is whether the lumen area reaches an equilibrium value that provides sufficient patency for blood flow. The first event to occur upon expansion of the stent is that the endothelium becomes denuded within the stent region, exposing the underlying tissue to blood flow and producing a thrombogenic surface. The stresses within the arterial wall are also increased: tissue is stretched circumferentially between struts and compressed radially beneath them. Damage to the laminae and the media can occur [(6),7] . Smooth muscle cells (SMCs) within the media may become necrotic/apoptotic. These combined alterations trigger an inflammatory response [(8),9] . The first phase of the tissue response is characterized by thrombus formation, platelet deposition, and monocyte infiltration into the injured areas. Matrix degrading enzymes and growth factors are expressed by the areas and come from the invading inflammatory cells, platelets, and necrotic/apoptotic SMCs [10] . Matrix degradation encourages surrounding contractile SMCs to express a synthetic phenotype [11] ; reduction of MMPs (matrix metalloproteinases-a family of matrix degrading enzymes) by inhibitors have been shown to reduce subsequent restenosis [12] . The SMCs migrate into injured regions and proliferate in response to growth stimuli, characterizing the proliferation phase. The synthetic SMCs produce extracellular matrix components, such as collagen, elastin, proteoglycans, laminin, and fibronectin, which constitute the neointimal lesion. Provided the source of injurious factors recedes, and the lumen does not occlude, the cells in the lesion can resort back to quiescence and the lumen area equilibrates. If, however, the cell proliferation and matrix synthesis are too intense, the neointima can restrict the artery, requiring further revascularization steps. A schematic of restenosis development is shown in Fig. 1 .
Advances in arterial tissue modeling, and computational fluid dynamics allow the mechanical stimuli imparted by a stenting procedure to be calculated.
Significant advances have been made over the last 20 years to the precision and accuracy of these models, including improved constitutive modeling of tissues [13] , more realistic models of stent deployment [(14) ,15] and the use of patientspecific geometries [(16),17] . These provide detailed information on the stresses induced in the arterial wall due to stenting and allow comparisons between stent designs, in terms of tissue prolapse [18] or induced stresses [(19),20] . These models may then be used to optimize stent design with respect to mechanical stress [(21),22] , and to investigate the effect of structural differences between coronary and peripheral vessels [23] . These studies provide methods to determine the initial stimuli or triggers for restenosis. The reaction to a stent by the arterial tissue, however, is a complex biological process [24] , which is difficult (if not impossible) to predict from the initial stimuli described by the mechanical environment post-stenting. It is unclear; for example, which, if any, mechanical stimulus correlates with subsequent restenosis volume. One way forward is to develop mechanobiological models that relate mechanics to biological response (i.e., injury, inflammation, and SMC behavior) in order to simulate the process over time.
Mechanobiological models offer a method for predicting the long-term effects of perturbing the mechanical environment. These models have been successfully applied to bone remodeling [25] and skeletal tissue differentiation [26] and have been investigated for cardiovascular applications [(24),27,28] . The modeling approach where cell activities are modeled using a regular lattice has been of particular utility in modeling processes that are the result of complex cell activities [29] . In these models, individual cells act at a local level based on the local environment, and tissue-level changes occur as a result of the net effect of local cell activity. This allows a wide range of information and complexity to be included through prescribing algorithmic rules for cell behavior and is particularly suitable to modeling the relationships between cell activity and mechanobiological stimuli [(30),31] .
In this paper, we ask the question whether or not a mechanobiological model for restenosis in arteries can be developed using the lattice-modeling approach to describe local cell activities. Specifically, we aim to set the model parameters using the clinical results of balloon angioplasty presented by Schwartz et al. [32] and information on the levels of inflammation in patients after angioplasty described by Cipollone et al. [33] . We then test the model by using the same parameters to simulate restenosis in an artery in response to the injury caused by cardiovascular stenting. If the model can predict reasonable results in these simple cases, then it opens up the opportunity to apply mechanobiological modeling in three dimensional complex environments for the design of cardiovascular stents.
Methods
The growth of new tissue into the lumen of arteries in response to stenting is assumed to be appositional; i.e. due to the deposition of extracellular matrix by SMCs on the lumen surface. Volume addition is brought about by migration into, and matrix deposition at, a previously unoccupied region of space such that the boundary of the tissue is extended. The number of cells available to produce matrix in a region is not constant over time; it is a function of net migration into the region, and the proliferation, the apoptosis, and the phenotype of the present represented by a Boolean variable such that a lattice point is either occupied by one cell, or the lattice point is vacant. The variables at each lattice point are then explicitly updated over time based on algorithms for each cell activity, as described below. A boundary condition describes the migration behavior of cells at the edge of a symmetric boundary, such as that found when simulating a circumferential segment of an artery (see Sec. 2.8 below). At these boundaries, a cell in reality ought to be able to move into surrounding tissue, just as a cell from the surrounding tissue ought to be able to migrate into the simulation domain.
To simulate this, a cell moving across a boundary is transported to the equivalent point inside the corresponding surface. If the domain is rectangular, this means a cell migrating off the top of the lattice will move to the bottom, i.e., the simulation domain becomes a torus, and cells are conserved within the lattice. In an artery segment model, the boundaries are at an angle to each other dictated by the angle of the segment. In this case, the equivalent point to each boundary point is found by rotating the point by the angle between the boundary lines about the point of intersection of the lines. For a regular orthogonal lattice, the angle between boundaries may mean that the equivalent position may not correspond to a lattice point, in which case the nearest point is chosen.
Stimulus Computation.
The finite element method was used to compute the arterial wall stresses during loading. Arterial tissue was modeled as an isotropic, hyperelastic material using a second-order Mooney-Rivlin strain-energy function
Finite element analysis was performed using abaqus (simulia ) v6.8. Von Mises stress was used to compute damage accumulation using a log-linear relationship for fatigue-induced damage σ=αlogNf+σf (2) where Nf is the number of cycles to failure, σf is the failure strength (i.e., when Nf = 1), and α is a constant. We define a fatigue strength, σ0 , below which the damage accumulation rate is assumed to be zero. Rearranging, and taking that the rate of damage formation, denoted D·, is given by D·=1Nf (Miner's rule [34]), we get D·=10−(σf−σ)/ασ0<σ≤σf=0σ≤σ0=1σ>σf (3) Modeling Inflammation.
The production of, and reactions between, three biological species-growth stimulus (g), matrix degrading factor (m), and extracellular matrix (e)-in response to damage (D) is simulated using a mathematical model. The variables are updated at each lattice point based on their rate equations. The reaction between e and m is approximated as first-order, with the extracellular matrix degrading at a rate proportional to the amount of matrix degrading factor dedt=−kdegm (4) and the amount of matrix degrading factor (m) reducing correspondingly, but being replenished in proportion to the injury present dmdt=−kdegm+kmD (5) In Eqs. 4,5, kdeg is the rate of reaction between the species, and km is a constant relating the production of matrix degrading factor (m) to damage, D. Growth stimulus production is assumed to be linearly related to damage (via constant kg ) and is assumed to decay exponentially at a rate dg dgdt=kgD−dgg (6) Damage removal is assumed to be equal to the removal rate of the extracellular matrix (e), so the damage evolution equation is dDdt=N·D·−kdegm (7) where N is the number of cycles at a given stress, and D· is the damage accumulation rate (see Sec. 2.1 above).
Modeling Smooth Muscle Cell Activity.
Each smooth muscle cell occupies a single lattice point. Migration is modeled as the movement of a cell from one lattice point to a neighboring, vacant lattice point. The local neighborhood of a cell is defined as the lattice points within a surrounding sphere of radius Δx centered around the lattice point, i.e., a von Neumann neighborhood [35] , which includes the orthogonally adjacent lattice points (in a 2D lattice, there are four such neighbors, see 
Phenotype Modulation.
The SMC phenotype (φ) is assumed to vary continuously between fully contractile (φ = 0) and fully synthetic (φ = 1) and is modulated by extracellular matrix concentration, e. The ideal or homeostatic phenotype is assumed to be given by φ * =1−e, where e=(∑ni=1e)/n is the average of e within a sphere of radius 2‾√Δx (n number of points); i.e., the "Moore" neighborhood [35] , which includes both orthogonally and diagonally adjacent lattice points (Fig. 3) . The rate of change of phenotype is described by dφdt=kd(φ * −φ) (8) where kd is a constant, such that the phenotype of a cell approaches the homeostatic phenotype of its environment at a rate proportional to the deviation of its phenotype from homeostasis.
Proliferation.
Cells are assumed to have an intrinsic maximum proliferation rate (psmc ) such that exponential proliferation would occur if there was no contact-inhibition; however, the lattice-modeling approach explicitly provides for contact-inhibition behavior because, as the lattice fills, the number of vacant lattice sites for cells to occupy are reduced. The mitosis rate of a given cell is assumed to depend linearly on the local amount of growth stimulus (g) and the phenotype of the SMC (ø). We therefore write an expression for the probability of cell division when it has been ascertained that there is a vacant neighboring lattice, within a timestep Δt, as Pproliferation=psmc·g·φ·Δt (9) Migration.
SMCs are assumed to have an intrinsic maximum migration speed vsmc . The actual migration speed is linearly related to phenotype, so the probability of a cell moving to a vacant lattice point, within a timestep Δt, is
Pmigration=vsmcΔxφ·Δt (10) A lattice site is only acceptable for migration if no cell is present and the extracellular matrix is greater than a critical value emin . This means cells will only migrate into a region if there is sufficient matrix to provide a scaffold for cell attachment.
Extracellular Matrix Synthesis.
Cells are assumed to produce extracellular molecules, which assemble around the cell to form extracellular matrix. Material is deposited within a radius rmax of the cell (here, rmax is assumed to be 2‾√Δx), i.e. to each lattice point in the Moore neighborhood. dedt=keφ(r−δr)0≤δ≤r (11) where δ is the distance from the center of the cell and ke is a constant.
Due to these equations and the geometry of the lattice, there are three expression rates around a cell: δ = Δx for von Neumann neighbors, δ=2‾√Δx for diagonally adjacent neighbors and δ = 0 for the cell position itself.
Computational Implementation in a Lattice.
The simulation time is divided into equal timesteps, Δt. During each timestep, each cell expresses extracellular matrix and modulates its phenotype. It also selects its behavior from the set {proliferate, migrate, no change}. To ensure that each cell can perform only one of these behaviors per timestep, the timestep must satisfy (Pproliferationmax+Pmigrationmax)≤1 (12) and from Eqs. 9,10 Δtmax=1psmc+vsmc/Δx. (13) To search for a vacant neighboring lattice point, a neighboring direction is chosen at random using a random number generator. If the selected position is not vacant, another position is randomly chosen, and this is repeated until a vacant position has been found, or all positions have been searched. These algorithms were implemented using the Visualization Toolkit (VTK) code and custom-build classes and methods in c++ (called the MechanoBiology ToolKit, see Lennon et al. [36] ). This allows representation of the finite element mesh (an unstructured grid in VTK) and the lattice (image data set in VTK). The interpolation algorithms from VTK were used in mapping variables between the spatial representations, and the algorithms described above were implemented.
Inflammation Model Testing.
The inflammation model was isolated for study by assuming no SMC activity occurs, reducing the system to a set of coupled ordinary differential equations for e, D, m, and g. We examined the behavior of the model when an initially uninjured tissue is loaded in uniaxial tension. Four cases were analyzed: (i) an instantaneous stress (σ0 ) is applied and removed immediately, (ii) a stress (σ) is held constant, (iii) a stress (σ) decays linearly with time, and (iv) a constant stretch ratio (λ) is applied. These give rise to the prescribed conditions (i)σ(t)=σ00<t<t1=0t≥t1 (14) (ii)σ(t)=σ0∀t (15) (iii)σ(t)=σ0−ktσ≥0 (16) (iv)λ(t)=λ0∀t (17) Parameter Estimation.
Material properties were chosen based on porcine coronary artery uniaxial tension tests [19] . The fatigue parameters (Eq. 2) were determined using the data of McLoughlin [37] , as shown in Fig. 4 . In these experiments, circumferential porcine coronary artery segments were fatigue tested in tension. The samples were subjected to cyclic tensile loading at three mean stress magnitudes (200 kPa, 500 kPa, and 1 MPa), and the number of cycles to failure was recorded. A log-linear model was fitted to this data (σ versus log Nf ). Assuming damage would not accumulate in the healthy artery, the lower limit for the fatigue strength of the material is the maximum stress magnitude induced under physiological loading. To compute this, a finite element model of a healthy artery (with inner radius of 1.5 mm and wall thickness of 0.5 mm) was pressurized to 13.3 kPa (mean physiological blood pressure), and the maximum stress induced was taken as the fatigue limit. The mechanical parameters are summarized in Table 1 .
Cell migration was set based on in vitro measurements of human SMC migration [38] . The lattice size was set such that Δx = 0.018 mm, allowing a maximum cell concentration of 3000 cells/mm2 . The initial concentration, csmc , was set to a density of 1620 cells/mm2 , based on the data of Tracy [39] for SMC densities in healthy human arteries. In practice, this was achieved by assigning 50% of all lattice points a smooth muscle cell randomly; all cells were assigned a contractile phenotype initially (ϕ = 0). Cell model parameters are summarized in Table 2 .
The inflammation parameters (km and kdeg ) were calibrated to achieve similar inflammation time-courses as found in the study of angioplasty in humans by Cipollone et al. [33] . In this study, a key marker for inflammation (monocyte chemoattractant protein 1 (MCP-1)) was measured in angioplasty patients. It was found that in patients who did not develop restenosis, MPC-1 reduced much quicker than in the restenosis-prone group. For this reason, three inflammation responses were simulated in our computational models: a prolonged (high) and shortened (low) source of inflammation corresponding to the restenosis and no restenosis groups in the above study, respectively, and an intermediate response, which lay half-way between both responses, as tabulated in Table 3 .
Balloon Expansion Calibration.
A simulation of balloon expansion was used to estimate matrix production and cell proliferation parameters by comparing the response to human data [32] . In that paper, the number of cells over time postangioplasty was estimated from the restenosis area measurements, and the known concentration of SMCs in restenotic tissue. In the analogous simulation, a 2D cylindrical, isotropic hyperelastic artery with inner radius 1 mm and outer radius 2 mm was expanded by applying a displacement to the inner lumen surface to achieve an expansion ratio (maximum dilated diameter/initial lumen diameter) of 1.4. The parameters which control cell proliferation (kg and dg ) as well as the matrix production and migration parameters (ke and emin ) were calibrated to achieve an accurate model match for cell numbers and neointimal area (Table 4) . To calculate the mean response of the model, ten simulations were run at each parameter combination, and the mean of the results was calculated.
Stent Expansion.
To simulate stent expansion, an analytical rigid body representing a stent strut with circular cross-section was displaced radially into the wall of the artery ( 
Results

Inflammation Model.
In case (i), where an initial stress is applied and removed, damage decayed exponentially to zero, while extracellular matrix reduced exponentially to a final value of e(t = 0)-D(t = 0) (Fig. 6) . Therefore, D, in this case, is a measure of the quantity of injury in the artery which must be removed. In case (ii), when a constant stress is applied, damage never stabilizes and accumulates eventually to one; the rate of accumulation is higher for higher stress magnitudes (Fig. 6) . At low stresses, the extracellular matrix is not significantly altered, whereas at high stresses, all the material is removed rapidly. Case (iii) is in between cases (i) and (ii) depending on the stress relaxation prescribed (Fig. 6) ; the damage accumulates with prolonged stress, whereas with less-prolonged stress, damage can be removed. In case (iv), the stretch to which the artery is exposed determines whether the damage accumulates or decays and by how much (Fig.   6 ). A long-term stress-relaxation-type response is found, where the stress reduces to a homeostatic stress-state at a rate, which depends on the initial magnitude of the stretch.
Balloon Expansion Calibration.
The calibration gave a reasonable match to the experimental data of Schwartz et al. [32] in terms of the number of SMCs found over a 350 day period (Fig. 7) . In particular, an initial rapid proliferation rate gradually decreased to zero over the course of the simulation. The smooth muscle cells in the injured region modulated their phenotype after approximately 5 days and began migrating, proliferating, and producing extracellular matrix. The maximum proliferation rate achieved was most affected by the parameter psmc , while the final cell number and time to peak proliferation rate (approximately 10 days in the baseline simulations) were most affected by the parameters affecting growth factor kinetics (dg and kg ).
The simulations produced a final cell distribution in which there was a gradient of cell concentration through the thickness of the neointima, with the injured media having the most cells, and the surface of the neointima having less (Fig. 8) .
Analysis of Stent Expansion.
The model predicted a nonlinear relationship between neointimal area and initial lumen gain. Below a lumen area of 6 mm2 , restenosis was minimal, but for gains greater than that, neointimal hyperplasia and restenosis increased with initial lumen gain (Fig. 9) .
The simulations results were not deterministic, allowing a prediction of the variability in the restenosis developed (Fig. 9) . The level of inflammation affected the relationship between restenosis and stent area, with high inflammation inducing more restenosis and a greater dependency on stent area with high inflammation, as can be seen from the final slope of the curves (Fig. 9) .
Lattice variables are plotted in Fig. 1 for the high inflammation case, indicating lumen narrowing within the stent.
Discussion
A computational simulation methodology has been described, which captures key characteristics of lesion growth within arteries subjected to nonphysiological mechanical forces. It can predict outcomes with respect to how stent expansion affects the final restenosis within an artery. The model produced rapid neointima formation and cell proliferation in the first few weeks postimplantation, approaching a steady state after six months in an artery after balloon expansion. The model could be calibrated against the neointimal area and cell quantity data measured after balloon angioplasty. With this calibration done, the model was then applied to stenting.
In the analysis of stenting, a nonlinear relationship between lumen gain due to stenting and subsequent restenosis was predicted. In a clinical study of the effect of stent expansion on restenosis, a more linear trend was found [40] . The differences between the simulation setup and the clinical environment may explain this discrepancy. In the clinical study, several stent types were used, the targeted lesions were highly variable in structure, and the individual patients may have had varying inflammation responses, all of which contribute to the high amount of variability in outcome. These sources of variability have not been included in the simulations described here. Our study was an attempt at a mechanistic model of the biological processes involved in restenosis using as few parameters as possible, while remaining physically relevant. The simulation is made up of modular algorithms for key biological processes, which can, in principal, be independently validated.
Previous models have not accounted for cell activity explicitly; instead, volume change has been related phenomenologically (e.g., directly) to stress (e.g., Ref.
[28]). However, the complex interactions between stress, cells, and their environment are important-for example, balloon angioplasty cannot be captured by models that are based on a homeostatic stress-state because the deviation from homeostatic stress in the arterial wall is instantaneous and short lived, making it unlikely to be an adaptation reaction. In other cell-based models [(41),24,5] , the behavior of the smooth muscle cell is directly linked to their mechanical environment, which assumes a mechanotransduction mechanism.
However, injury and inflammation are regarded as key intermediate processes in the restenosis development, and the importance of extracellular species (modeled here as D, e, g, and m) can be seen from the drugs that target them, such as antiproliferative drugs, MMP inhibitors, extracellular matrix production inhibitors, etc. If we are to capture these processes in silico, the explicit modeling of extracellular species is a crucial first step. For example, an antiproliferative drug could be simulated as a substance produced at the surface of the stent, and which diffuses through the tissue. This drug could inhibit the proliferative activity of cells (adding a new term in Eq. 9) in a dose-dependant way and decay over time.
There are limitations with the present modeling approach. The finite element analysis described here idealizes the artery to a single-layered, atherosclerosis free, and isotropic hyperelastic cylindrical vessel. This could be improved with better material models [42] and patient-specific geometries [17] . Another limitation is that the fatigue data are based on tests performed at three test levels in the circumferential direction. More comprehensive data relating the stress/strain in the tissue to injury would allow more accurate predictions. Other damage-mechanics models may prove more suitable to the once-off injury source, which is a characteristics of both balloon and stent expansion. For this reason, more work is needed to define the injury and damage behavior of vascular tissues. Another limitation is that the inflammation model is based on an assumption that inflammatory factors are produced at a rate proportional to the injury. In reality, the inflammation is brought about by several cell types, each with their own specific proliferation, metabolic, and migratory behaviors.
As more is known about the activities of these cells, this information can easily be incorporated by adding new cell types. The algorithms governing smooth muscle cell behavior are rudimentary, as there are many other stimuli for SMC behavior, such as oxygen, nitric oxide, heparin, and many others, as well as direct mechanical signaling through stretch [43] . The extracellular matrix variable currently encompasses all extracellular species, which, in reality, consists of a diverse array of constituents, and each component may affect cell behavior differently. For example, laminin and fibronectin are found to have opposite effects on cell phenotype, and the ratio of these species is shown to change throughout restenosis development [11] . In the simulations presented here, extracellular matrix was implemented as a variable, which sought to define the conduciveness of the environment to maintaining the contractile phenotype.
Similarly, the growth stimulus term could be further subdivided into the diverse chemical agents, as could the matrix degrading factor variable. Biomolecular species have previously been modeled as diffusible [(44) ,45], which has not been considered in this study. However, when considering that many biomolecules have short half-lives, it may not be valid to model their dispersal using diffusion.
Instead, the cells dictate where biomolecules are expressed, and the region in which the molecules are present can only be changed by cell migration, phenotype modulation or cell-to-cell signaling, all of which could be simulated in the lattice-based approach.
In this paper, we have not introduced the environmental and genetic variabilities, which characterize many clinical trials. Lesion and artery structure can be expected to vary in a realistic population, and often differing amounts of inflation pressure are used by surgeons. Patients may also have differing responses to the same stimuli due to genetic variability in cell processes. These effects have been considered recently for skeletal tissue mechanobiology by Khayyeri et al. [46] .
The endothelium is not considered here. In a previous paper from our group, the endothelium was modeled as a cell type which constantly proliferated over the lumen surface [30] . In reality, endothelium is also mechanoregulated [47] , and this could be incorporated into the future simulations as a mechanically regulated source of inflammatory factors at the lumen surface. For example, the production of growth stimulus and matrix degrading factors at the surface could be dependant on the presence of endothelium, (e.g., based on a surface migration The lattice-based approach offers advantages over other modeling techniques.
The simulation is built up of separate algorithms, which perform specific tasks based on biological processes. Providing the inputs to these algorithms can be controlled experimentally, these algorithms can then be validated independently [48] . The migration algorithm, for example, requires that we know the initial concentration and phenotypes of cells. These independent algorithms are then combined to provide a cell-centered model. The algorithms, although based on simple behavior, when coupled together have been shown to produce much of the complex behavior found in vivo. Having these biological processes, i.e. proliferation, phenotype modulation, etc. allows us to apply the technique to a range of problems involving cardiovascular injury [49] . It may be useful to simulate stents, grafts, and (with more biological rules and the inclusion of fluid flow) even initial atherosclerotic development. This paper has demonstrated the potential of the lattice-based modeling approach to the simulation of the mechanobiological response of arterial tissue.
It was shown that the model captures the key phenomena of inflammation, cell activity, and tissue production, and that it could be calibrated against the experimental results to simulate the balloon angioplasty results in humans. The inclusion of key biological process opens the way for including inherent interpatient variability in these processes, providing a prediction of the rates of success of a stent, rather than a deterministic answer. By applying the fundamental model described here to stenting procedures in 3D, we can optimize the stenting procedure to maximize long-term lumen gain. This represents a step forward from trying to infer what growth will occur from stress analyses and has the potential to include the bioactive properties of drugeluting stents. In conclusion, this method may be able to examine the interactions and trade-offs between design options (stent geometric design, expansion method and pharmaceutical action) and long-term lumen gain. Flow chart outlining the computational method for the simulation of restenosis.
The stress may be updated, depending on whether or not the new geometry significantly affects the structural behavior of the artery, and whether the injury stimulus is assumed to occur once in the initial expansion procedure, or is chronic. 
Figure 5
The geometry of the idealised artery and stent (left). A cross-section of a symmetrically stenosed artery is shown with six stent struts. A 1/6 segment is considered due to symmetry and this model is meshed as shown on the right. A displacement is applied to the strut, and the upper and lower surfaces of the mesh are restrained circumferentially.
Figure 6
Case (i): An initial stress is applied and removed. Damage is initiated abruptly, and decays exponentially to zero, while extracellular matrix decays exponentially to e = e|t =0 -D|t =0 . Case (ii): A constant stress is prescribed, leading to complete ECM removal at a rate dependant on the stress applied. Case (iii): A decaying stress is prescribed. Case (iv): A constant stretch is prescribed, which leads to stress-relaxation.
Figure 7
The best-fit approximation to the data of Schwartz [32] The amount of restenosis (neointimal area/initial lumen area*100%) as a function of initial lumen area (i.e., the area within the expanded stent). Five simulations were conducted at each point with variation occurring due to the stochastic cell activity model. In the high inflammation case, parameters controlling inflammation were calibrated to produce long-term inflammation, while in the low inflammation case, these were selected to produce a removal of damage within 15 days. 
